The objectives of this study were to evaluate the effect of complex interactions among household and environmental-level factors on household-level food availability via a simulation model, the Food Accessibility Agent-based Model in Central Columbus, Ohio (FAAMC) and to test impacts of novel interventions for reducing disparities in food availability. FAAMC simulates food shopping patterns of households based on the actual location of homes and food stores, transportation network, household income, vehicle ownership, and distance to food stores. Policy interventions, which were evaluated as single or combined interventions, included: (1) reducing preference for convenience stores/partial markets; (2) increasing food availability in stores; and (3) increasing household income through a guaranteed basic income supplement program. The FAAMC estimated that mean food availability for food insecure households is 23% (95% Confidence Interval (CI): 22-24%) lower than for food secure households. Increasing household income among the poorest households may lead to a 14% (95% CI: 13-18%) increase in monthly food availability for food insecure households. Implementing multiple interventions would lead to a 41% (95% CI: 40-43%) increase in monthly food availability among food insecure households. This study exemplifies how a systems science approach may serve as an effective and efficient tool for evaluating BWhat if?^scenarios for improving household-level food security.
Introduction
While food security is an important issue for the global economy, politics, and health, each country has its own food security challenges in its societal and natural environments (Natalini et al. 2017) . Food security in the United States is defined as Baccess by all people at all times to enough food for an active, healthy life( United States Department of Agriculture (USDA) Economic Research Service, 2017). In 2015, approximately 15.8 million households (12.7%) in the USA were estimated to be food insecure, meaning that they had occasional challenges in procuring enough food for all household members due to a lack of resources. Food insecurity varied by states but Ohio had one of the highest rates (16.1%) (Coleman-Jensen et al., 2016) . Food insecurity is associated with hunger, malnutrition, and other negative health outcomes, including but not limited to depression, diabetes, obesity, and hypertension (Adams et al. 2003; Whitaker et al. 2006; Seligman et al. 2007 Seligman et al. , 2010 .
Food insecurity results from complex interactions between individual and environmental factors in the USA. Particularly, lack of financial resources is a leading factor of food insecurity since two thirds of food insecure households are below 200% of the Federal Poverty Level (Schanzenbach et al., 2016) . Households with limited financial resources also often have a lower probability of owning private vehicles, making it challenging for these households to access food stores (Ma et al. 2017) . Researchers also showed that racial and ethnic minorities, households with children, and single-parent households are more likely to be food insecure in the USA (Mello et al. 2010) . From an environmental perspective, disadvantaged neighbourhoods, especially in urban areas in the USA, often have fewer, large-scale fresh grocery stores or supermarkets, and higher access to convenience stores compared to affluent suburban areas (Martin et al. 2014) . For example, racial/ethnic minority and low-income communities in many of the largest cities in the USA, such as New York City, Chicago, and Detroit, have more convenience stores, fewer supermarkets, and more fast-food outlet restaurants than the predominantly white, middle and upperincome areas (Block and Kouba 2006; Zenk et al. 2006; Gordon et al. 2011; Eckert and Vojnovic 2017) . Further, convenience stores in urban areas sell fewer fresh produce and dairy items, and more processed and non-perishable food compared with stores in suburban areas (Block and Kouba 2006; Powell et al. 2007 ). These differences in population and environmental factors often lead to differential dietary intake patterns. For example, compared to food secure households, food insecure households are more likely to consume food of lower nutritional value and with higher calories (Drewnowski 2004; Mello et al. 2010) . In order to implement strategies to improve food access, it may be useful develop complex systems models for handling the complex interconnections between food insecurity and population, environmental, and behavioural factors.
Agent-based models (ABM), which are a class of complex systems models, offer a way to model multifaceted real-world processes at an individual level (e.g. persons, organizations) Bby constructing artificial societies on computer^ (Hammond 2009 ). Complex problems can be interpreted with a combination of multiple theories and analytical techniques in ABMs. Based on empirical data and theoretical framework, ABMs replicate individual entities (e.g., households, retail food stores), their attributes (e.g., income, vehicle ownership), and their interactions (e.g., store preferences determined by income and vehicle ownership; the shopping destination determined by the store type preference of each household, and the distance to a store) (Roux 2007; Mabry et al. 2008; Galea et al. 2009 ). ABMs of the food environment have been mainly applied to obesity-related outcomes with a focus of evaluating policy impacts on b o d y m a s s i n d e x a n d o t h e r h e a l t h o u t c o m e s (Auchincloss et al. 2011; Widener et al. 2013; Zhang et al. 2014; Blok et al. 2015) . However, there is, to our knowledge, no study modelling the association between food access and food security at the household level in the USA.
This study aims to develop a spatially-explicit ABM to examine disparities in food accessibility among food secure and food insecure households in Columbus, Ohio and to test the impacts of interventions to increase food availability. A key feature of this work is that the ABM developed in this study results from a group model building (GMB) collaboration with local stakeholders and domain experts. Details of the GMB collaboration are available elsewhere (Koh et al. 2018) .
Methods

Preliminary information
Study area
The study area includes 119 census tracts, predominantly in central Columbus, the county seat of Franklin County and the state capital of Ohio. The study area contains some of the most impoverished neighbourhoods in Columbus, including Linden and South Side Area ( F i g . 1 ) . B a s e d o n t h e 2 0 0 9 -2 0 1 3 A m e r i c a n Community Survey 5-Year Estimates data, the mean household income was $29,594 for Linden and $46,720 for South Side Area neighbourhoods. Also, the percentage of households with income below poverty level in the past 12 months using the USA Federal Poverty Guidelines (USA Department of Health and Human Services 2014) in Linden was 46.8% and 28.5% in South Side. Comparably, the mean household income and poverty rate of Franklin County was $70,152 and 18.1%, respectively (USA Census Bureau 2014).
Model
An agent-based model, called the Food Availability Agent-Based Model in Columbus, Ohio (FAAMC), was created to simulate observed patterns of food insecurity in Columbus, Ohio. A simulation software package, AnyLogic 7 (AnyLogic Company 2016), was used to program FAAMC. All simulations and data analyses were performed on a Windows 10 PC with 16.0GB RAM.
Data
The empirical data used in this study included: (1) Mapping Food Environment Survey (MFES) (Kaiser et al. 2016) ; (2) Food Store Audits (FSA) (Kaiser et al. 2017) ; (3) USA Census American Community Survey (2009) (2010) (2011) (2012) (2013) (2014) ; and (4) USA Census TIGER/Line Shapefiles.
MFES contains a six-part, 88-item questionnaire to collect data on food access, food pattern, neighbourhood environment, health conditions, food security, and socioeconomic/ demographic backgrounds from respondents and their households in the study area. Of the 809 respondents who submitted responses to the survey, 522 fully completed the questionnaire. The sample size of MFES is approximately 1% of the study area. Data collection for MFES was conducted in 2014 by The Ohio State University's Food Mapping Team (OSUFMT) via in-person interviews or online surveys (Kaiser et al. 2016) .
FSA is a separate survey carried out by the OSUFMT to examine the availability of food items using the USDA Economic Research Service Food Store Survey Instrument (Cohen 2002; Kaiser et al. 2017) . The FSA surveyed only food outlets where MFES respondents shopped for food and collected information on 87 food items based on the USDA Thrifty Food Plan (TFP). The USDATFP is a well-established national standard for healthful, nutritious, and affordable meals at a minimal cost for food and nutrition (Carlson et al. 2007) . OSUFMT investigated 96 out of 281 food stores in the study area for FSA. The USDA TFP availability by the types of retail food stores, such as supermarkets and convenience stores/partial markets were then reported, indicating the percentage of 87 USDA TFP items available at each surveyed store.
The U.S. Census American Community Survey (ACS) was used to generate synthetic spatial-based households by matching the distributions of population characteristics in the MFES. U.S. Census TIGER/Line Shapefiles were used to determine the study population's latitude-longitude locations across the study area.
Model building and validation processes through GMB
Considering the complexity in food environment and food shopping behaviours, we collaborated with local experts and stakeholders from various domains of expertise to build an agent-based model through group model building (GMB). GMB is a set of group-based exercises to engage with stakeholders in modelling, analysis, decision-making processes, and validating the results in systems science (Andersen et al. 2007) . While GMB has been extensively used in system dynamics (a systems science approach primarily focusing at an aggregate level of society, e.g. total population, a country), it shares the same goal as the modelling tradition in ABM studies-to represent social phenomena with stakeholders' participation in modelling and validation processes. These participatory practices in ABM criticize the conventional Fig. 1 Map of study area Examining disparities in food accessibility among households in Columbus, Ohio: an agent-based modelmodelling approach focusing on utilizing econometric techniques in model development and validation (Moss 2008) .
For the GMB developed in this study, we first invited local domain experts and stakeholders from academia, the government, and local community organizations to a face-to-face workshop. This workshop aimed to create a set of the conceptual models of food insecurity in the study area by identifying key variables and their interactions, and by suggesting potential policy scenarios. We then considered the feasibility of the conceptual models and selectively incorporated the essential components into the final model. The final model was designed following established guidelines for ABM-type models, the PARTE (Properties, Actions, Rules, Time, and Environment) framework and suggestions from the literature (Blok et al. 2015; Hammond 2015) . After designing the final ABM and obtaining preliminary analysis results, we requested the GMB participants to attend the second GMB workshop to validate the final ABM and results of the analysis. Please refer to Koh et al. (2018) for the details of our GMB processes. To summarize, the types of agents, agent-level properties and rules, the scenarios evaluated via the final ABM, and face validation of model results, were based on the input and feedback received from various stakeholders through the GMB process.
ABM components in FAAMC
Synthetic population
While the MFES provides comprehensive information on each household's food shopping behaviours, food security, and socioeconomic/demographic characteristics in the study area, the exact home addresses of respondents were inaccessible due to issues of privacy and confidentiality. To address this challenge, FAAMC used a synthetic spatial household dataset that was generated via an iterative proportional fitting (IPF)-based deterministic spatial microsimulation technique by combining information from MFES and ACS (Rahman, 2009; Lovelace and Ballas 2013) . Using the spatial microsimulation technique, an MFES respondent was first scaled up by the ratio of the subtotals of a common variable both in the MFES and the ACS in a census tract (e.g. in Census Tract 1, each black MFES respondents will be replicated as many as the subtotals of blacks in Census Tract 1 divided by the subtotals of blacks in the MFES). This inflating process was iteratively performed for all common variables (i.e., household income, age, race, household size, and with/ without kids) in MFES and census tracts in turn. The details of the IPF-based spatial microsimulation can be found in the Appendix. Following the spatial microsimulation literature, a census tract rather than a zip code was used as a basic unit of the spatial microsimulation process for a higher degree of accuracy and reliability (Smith et al. 2011) . The final result of the spatial microsimulation is a synthetic spatial household dataset with the same numbers of households as ACS census tracts for the study area (n = 158,118) with the most similar distributions of the common population characteristics in both MFES and ACS. Each observation (in this case, each household) in the synthetic population dataset has all the variables in MFES, which can be used for further analyses. We utilized household income, household size, car ownership, monthly shopping frequencies, probability to shop at SPM/CSPM, and self-reported status of food security/insecurity. The spatial microsimulation process was performed in R (R Core Team 2013). The details of this process can be found in the Appendix. Synthetic spatial households were randomly assigned over the areas except for roads and waterbodies in each census tract of the study area using the latitude-longitude locations generated from the Bcreate random pointsf unction in ArcGIS 10.3. (ESRI 2011) to improve the geographical display of results.
Agents and their properties
There are two types of agents in FAAMC: (i) households (n = 158,118) and (ii) food stores (n = 213). There are two types of food stores, supermarkets (hereafter, SPMs, n = 141) and convenience stores/partial markets (hereafter, CSPMs, n = 72), identified by the MFES and FSA. These agents were allocated in a vector-based geographic representation on AnyLogic using the latitude-longitude coordinates.
The attributes of the simulated households used in modelling included household income, household size, private vehicle ownership, the probability to shop at different types of stores as a proxy of store preferences, and shopping frequency derived from the MFES, which represented the characteristics of the actual residents in the study area. Although not used in modelling, the synthetic households also retained all the variables in the MFES such as the status of food security.
Our GMB participants as well as the food security literature reported that household income and car ownership are crucial determinants of food security at the household level (Ver Ploeg et al. 2015) . Since household income can also be determined by the number of household members, the households in FAAMC were classified into four subgroups using household income, household size, and private car ownership. First, households with enough or low level of financial resources (ER = Enough Resources; and LR = Low Resources) were determined using the level of household income and household size roughly based on the 2014 U.S. Federal Poverty Guidelines (U.S. Department of Health & Human Services, 2014) . LR households include households with household income under $10,000; households with 2+ household m em bers and household income of $10,000-$14,999; and households with 3+ household members and household income of $15,000-$24,999. The remaining households were categorized as enough resources households (ER). Second, private vehicle ownership was used to classify households as high car accessibility (HC if they owned a car) or low car accessibility (LC if they did not own a car). Then, the four subgroups were defined as follows: All food stores-i.e., SPMs and CSPMs-were assigned FSA scores, an index indicating the percentage of 87 USDA TFP items available at the store. For example, a store had an FSA score of 80 if 70 out of 87 items ([70/87] × 100 = 80) were available at a store. Since the FSA was reported not by each store but the types of stores, the authors randomly assigned an FSA score to each food store with the minimum, maximum, and mean value of FSA scores identified by OSUFMT: SPMs had FSA scores ranging from 80 to 95 with a mean of 80, and CSPMs had FSA scores ranging from 20 to 55 with a mean of 30 (Kaiser et al. 2017 ).
Rules
Behavioural agents were deduced from the MFES and FSA, and through a literature review. Table 1 and Fig. 2 present the summary of the agents' behavioural rules and the conceptual model based on the behavioural rules in FAAMC. FAAMC hypothesized that individuals in each household seek to maximize their utility from food store shopping both by maximizing its food availability and by minimizing the cost to shop.
(1) Each household shops at the nearest supermarket or convenience store/partial market by car (Groups 1 and 3) or by walking (Groups 2 and 4). (2) Each household subgroup has different monthly shopping frequencies and probability to shop at SPM/CSPM. (3) Each household is assumed to obtain as much food as the USDA TFP availability at each store visit. (4) The literature reported that it is challenging to lift/ carry shopping items from stores to home without a car (American Heart Association 2015; Burns et al. 2011; Webber et al. 2007 ). Households without a car (Groups 2 and 4) were assumed to be limited to 80% of their food availability considering the physical challenge. (5) Each household's food availability is accumulated on a monthly basis. To calculate the monthly food availability of a household, we created a monthly food availability index (MFAI) for each household using this equation:
For this study area, (food availability) Max was set 700 (in case of Group 1, hypothetically visiting an SPM with an FSA score of 100, seven times a month). (6) Movement speed: the movement speed varies by Groups: 1 and 3 (36 km/h) versus Groups 2 and 4 (3.6 km/h).
Policy scenarios
FAAMC evaluated four sets of policy scenarios that were designed to transform the food environment in Columbus, OH by reducing disparities in food insecurity among food secure and food insecure households. These scenarios were selected based on input from the GMB participants and recommendations of interest in the Local Food Action Plan (LFAP). The LFAP is a collection of policy recommendations and their practicable ways of creating an equitable, sustainable food environment in Columbus, Ohio, which was developed by the City of Columbus, Columbus Public Health, and local stakeholders from schools, community organizations, businesses and local government (City of Columbus, 2016). While several other policy scenarios were possible to test via FAAMC, the scenarios presented below were selected to demonstrate some possible ways that policy makers may use the model in realworld applications. The first policy scenario assumes that each household shops less frequently at CSPM and more at SPM instead, which may occur through public campaigns or education (Scenario 1: a change in the aforementioned Rules (2)). The second and the third set of policy scenarios hypothesize an increase in food availability scores in SPMs (Scenario 2: a change in the Rules (3)) and CSPMs (Scenario 3: a change in the Rules (3)). These two scenarios are reasonable assuming cooperation between commercial food stores and the local community to improve the availability of food items by using incentives (e.g. increasing Supplemental Nutrition Assistance Program (SNAP) eligibility, financial supports, and training programs for local food retailers). The fourth policy scenario assumes increases in household income among poorest households (Scenario 4: a change in the Agents' Properties). In real-world settings, such a policy may come about through a new guaranteed income supplement program or policy changes to existing programs such as SNAP and Temporary Assistance for Needy Families (TANF). Table 2 describes the base model and policy scenarios used in FAAMC.
The model simulated food availability over a single month. Results were based on 1000 reproducible model runs. 95% confidence intervals for model estimates were calculated as the 25th and 975th value after sorting estimated values from all model runs. To check the sensitivity of the model, we also performed a series of analyses using different sample sizes (1%, 5%, and 10% of random samples of the synthetic population dataset) and different run durations (3, 5, and 12 months) in a step-wise manner, with no substantial differences in the results. FAAMC is available on the AnyLogic Cloud (https://cloud.anylogic.com) website for stakeholders and the public. Figure 3 presents a screenshot of FAAMC. Table 3 summarizes the analysis results under the single intervention scenarios. FAAMC identified that the number of households in the study area in Group 1 (ERHC), Group 2 (ERLC), Group 3 (LRHC) and Group 4 (LRLC) were 8005, 412, 5476, and 2107, respectively. The MFAI of households in Group 1 (ERHC) was 76, which is 69% higher than those in Group 4 (LRLC) (rate ratio: 76/ 45 = 1.69). We also measured the group difference in the MFAI between the Bself-reported^food insecure and food secure households from the simulated household dataset. The MFES respondents answered a set of questions and statements about their experiences on food procurement using the USDA's Food Security Survey Module (USDA, 2012). In FAAMC, there were 4857 food insecure and 11,143 food secure households. The mean food availability score for food insecure households was 56, which was 23% lower than food secure households (rate ratio: 69/56 = 1.23).
Results
Simulation with single interventions
3.1.1 Scenario 1 (increase in probability to shop at SPM in group 3 and group 4)
There is no change in enough resources households (Group 1 and Group 2) but a mild increase in MFAI is estimated in Group 3 (3%) and Group 4 (4%). For self-reported food insecure households, a 5% increase in MFAI was measured in FAAMC.
Scenario 2 (100% USDA TFP items available at SPMs)
More items available at SPMs will increase the MFAI by 11-12% for enough resources households (Group 1: 12%, Group 2: 11%) and by 9-10% for low resources households (Group 3: 10%, Group 4: 9%). Self-reported food insecure households would have a 13% increase in MFAI. Scenario 3 assumes all CSPMs will carry the maximum USDA TFP in the FSA. While Group 1 and Group 2 will experience 7% and 8% increases in MFAI, respectively, Group 3 and Group 4 will experience 9% and 11% increases in MFAI. An 11% of MFAI increase is estimated for selfreported food insecure households.
Scenario 4
While Scenario 4 does not change the behaviours/attributes in households, it changes the total numbers of each household group (Group 1: n = 10,424, Group 2: n = 1646, Group 3: n = 3057, Group 4: n = 873). Therefore, there is no noticeable change in MFAI among all household groups in FAAMC. However, self-reported food insecure households would have a 14% increase in MFAI. This is because more households in Groups 3 or 4 moved to Groups 1 or 2 under Scenario 4.
Scenario comparisons
In the base model, the mean MFAI of Group 4 (mean = 45) is substantially lower than the mean MFAI for selfreported food insecure households (mean = 56), indicating that all Group 4 household may suffer from food insecurity in the study area. In addition, many Group 3 households may be vulnerable to food insecurity because their mean of MFAI (mean = 58) is only slightly higher than the mean MFAI of self-reported food insecure households. We note that the mean MFAI of Group 2 (mean = 62) is substantially lower than the mean MFAI of self-reported food secure households (mean = 69). This implies that a substantial portion of Group 2 households may also have difficulty in procuring enough food for food security due to the limited use of private vehicles. Among the four individual policy interventions, FAAMC showed that increasing income for low resources households (Scenario 4) would be the most effective policy intervention to improve the inequalities in food availability among households (i.e., a 14% MFAI increase among selfreported food insecure households). We note that the increased numbers of the items available in SPMs (Scenario 2) could be the second-best option to relieve food insecurity (i.e., an 11% MFAI increase for all households). Interestingly, increasing USDA TFP items at CSPMs (Scenario 3) would be the most effective intervention (i.e., an 11% increase) to increase the mean food availability only for Group 4 households. 
Simulation with multiple interventions
FAAMC also simulated the effect of implementing multiple policy interventions simultaneously. Table 4 summarizes the results under the multiple intervention scenarios. All interventions were combined with Scenario 4 because it was the most effective among single interventions in relieving food insecurity, especially for food insecure households.
Scenarios 1 and 4
Scenarios 1 and 4 would increase 4-5% of MFAIs for households in Groups 3 and 4. The mean MFAI of food insecure households was estimated to be 65, a similar level of the mean MFAI of food secure households under the base model.
Scenarios 2 and 4
Under the mix of Scenarios 2 and 4, all household groups would have a 15-16% increase in the mean MFAI. Selfreported food insecure households will increase by 30% in the mean MFAI compared to the base model.
Scenarios 3 and 4
The combination of Scenarios 3 and 4 would bring a 5-6% increase to Groups 1 and 2, and a 9% increase to Groups 3 and 4 in the mean MFAI.
Scenarios 1, 2, 3 and 4
Implementing all the scenarios simultaneously (Scenarios 1, 2, 3, and 4) was anticipated to be the most effective since it would increase the mean MFAI among all household groups by 22-29%. The mean MFAI for self-reported food insecure households under this scenario were even higher than the mean MFAI for Group 1 under the base model.
Scenario comparison
Irrespective of Scenarios combinations, Group 4 is likely to remain food insecure because their mean MFAI would remain under the mean MFAI for food insecure households in the base model. We note that food security in the study area may be substantially improved when implementing all the scenarios simultaneously (Scenarios 1, 2, 3 and 4) or combining the increase in USDA TFP items at SPMs and increasing income level among households with <$25,000 household income (Scenarios 2 and 4). This is because the mean MFAIs for food insecure households in both cases will be higher than that of food secure households under the base model. Fig. 4 illustrates the spatial variations of the four quantiles in mean food availability index by census tract using Geographic Information System (GIS). Census tracts with lower mean MFAIs were largely located in the central, north-eastern, and southern areas. Most census tracts with higher mean MFAIs were located in the areas farther from the city centre.
Geographic variations of food availability by census tract
Discussion
This study has presented a novel approach for simulating the food shopping behaviours of households and examining inequalities in food availability among households in Columbus, OH. This study also examined how much food may be obtained by households by realistically modelling interactions among household-level characteristics and socioeconomic, food environmental and transportation factors. Furthermore, this study examined the effectiveness of a set of policy interventions to address inequalities in food availability and food security recommended by local stakeholders in a U.S. Midwestern metropolitan city.
The results of the simulation model demonstrated large inequalities in food availability among households in the study area. The result of Group 1 (ERHC) indicates households with enough resources and private vehicles shop more at SPMs than at CSPMs leading to higher monthly food availability in such households. In contrast, households with low resources (Groups 3 and 4) have lower food availability since they have limited possibility to shop at SPMs given their lack of resources and/or private vehicles. Thus, this study provides further evidence that increasing income, especially for lowincome households, may more effectively alleviate the burden of food insecurity.
The impact of transportation on food insecurity warrants further investigation. The results from the base model indicate that the mean MFAI of Group 2 (ERLC) households remained lower than that of food secure households in the base model. This implies that providing adequate means of transportation may effectively address food insecurity among specific population groups, such as the elderly who may have sufficient income, but are not necessarily driving to food stores. These findings show that some households may have difficulty in procuring enough food due to lack of cars and/or difficulties in lifting (Burns et al. 2011) .
FAAMC estimated that implementing multiple interventions would generally increase higher food availability than single intervention since multiple interventions could involve positive changes in both household income and food environments. However, several single interventions may also bring about an effective increase in food This result aligns well with many previous public health and nutrition interventions aiming to increase the stock of healthy foods in corner stores in underserved urban neighbourhoods (Dannefer et al. 2012) . Geographic variation in the estimated food availability reveals that the location of food stores may also substantially impact on household food security since most census tracts with lower mean MFAIs have more CSPMs, especially in the north-eastern and southern parts in the study area. Providing additional transportation means such as carpools or public transits to SPMs would be effective to relieve food insecurity in these areas.
However, the locations of SPMs alone may not be a strong determinant of food security as many census tracts of central areas were estimated to have lowest MFAIs in FAAMC despite the presence of several SPMs in the neighbourhoods. This implies that there may be fewer Bfull-serviced^super-markets in these areas, as is usual in many USA cities (Zenk et al. 2011; Evans et al. 2015) . Therefore, implementing interventions especially aimed at increasing food items in local stores through partnership or incentives may be an effective policy for food security. Farmers' markets or food trucks could be effective in providing additional access to food, especially for this type of food-underserved areas (Widener et al. 2013) . Future studies may model the impact of increased income on food security in relation to basic income, food subsidy, and other governmental benefits. For example, some questions worth further investigation may include: (1) does receipt of SNAP/TANF benefits provide enough resources for low income households to purchase food? (2) do receipt of other social benefits such as housing vouchers or Medicaid allow low-income households to have additional resources to increase food security? And (3) what is the required basic income for low income households in order to be food secure? Such BWhat if?^questions are easily incorporated and evaluated within the existing FAAMC model.
Another topic for future research concerns the location of food stores. FAAMC estimated that the mean MFAIs among Groups 3 and 4 would substantially increase if stores carried a higher proportion of USDATFP items. Such changes in availability of food may come at a cost to the food store in terms of being located in a less costly location in order to offset additional costs of carrying additional items. Future food security interventions may further use FAAMC to design in which ways food stores can contribute to improvement in a food environment through collaboration with local communities. Despite its capability to do so, FAAMC did not model the changes in the total numbers of food stores because this study focused examining the Bwhat-if^situations under current food environments in the study area. It also requires investigating the complex decision-making processes in the food retail industry to estimate the impacts from opening, closing, and changing locations of food stores. Finally, developing new measures to quantify food security or food accessibility may be a topic for future research. Several indicators frequently used in the food security literature include (1) the USDA Food Security Survey Module based on each household's self-reported reflections of food procurement experience for the last 12 months (Seligman et al. 2010; USDA, 2012) ; (2) food items or price levels at each food store (Anderson et al. 2007; Kaiser et al. 2017) ; or (3) the numbers of food stores or the distances to food stores (Zenk et al. 2006 ). The MFAI developed in this study is a result from the combination of all these previous indicators quantitatively at the individual household level in a local area. Further studies are necessary to design new indicators related to food security to comprehensively model the various aspects of food-related environment and behaviours.
Several limitations of FAAMC need to be discussed. First, FAAMC did not include the locations of upscale food stores, such as organic food stores and ethnic food stores, since the retail items are not necessarily included in the USDA TFP items. Future studies, especially those focused on ethnic enclaves, may need to consider these food store types in their model. Second, there may be more stores in the study area that we modelled because the stores included in FAAMC were identified by the MFES respondents. Third, FAAMC could not specify how MFAI of a household may be related to food insecurity status. We posit that there is likely a threshold value, which when multiplied by MFAI would discriminate different degrees of food insecurity, such as low, marginal and high food security. Future studies may address how food insecurity can be quantitatively measured. Fourth, FAAMC is a static model, only simulating the behaviours of current households, since the MFES is a cross-sectional survey. In the future, dynamic ABMs could be developed where changes in household size over time and better representation of travel (e.g., home to work to food store), transportation (e.g., walking, biking, ride sharing, bus), and increase in income in relation to other spending (e.g. food, housing, clothing, and healthcare) may be considered in more detail. Fifth, the synthetic population we created for FAAMC may be influenced by modifiable areal unit problem (MAUP) issues because this population was generated based on census tract information. Yet, a census tract is one of a few small area units for researchers to secure the demographic information in the previous studies. Finally, since the MFAI is a newly-designed measure for this study, we could not find any comparable indicators to externally validate the calibration and results of FAAMC. This study nevertheless made the most of group model building to precisely represent the perceptions of stakeholders through their participation in the model building and validating processes (Moss 2008) .
Conclusion
This study illustrates the integration of survey and census data, along with the use of interdisciplinary analytical methods in the development of an ABM in food security studies. FAAMC estimated household-level food availability by mimicking complex interactions among individual-level behaviours, socioeconomic/demographic risk factors, and the neighbourhood food environment, including the location of food stores. Large inequalities in food availability among households in Columbus, Ohio, could be addressed by implementing a set of policy scenarios. FAAMC found that increasing income would be the most effective single intervention for lowincome households, although implementing multiple policy scenarios were likely to be more effective to address food insecurity. Increasing food items at food stores or providing additional transportation would increase food security if targeting specific areas that are food underserved and populations that are socioeconomically vulnerable. Future research should evaluate various policy interventions to increase financial resources among lowincome households, including, but not limited to, basic income, food subsidy, and other governmental benefits. In addition, researchers and policy makers also need to investigate how households utilize and allocate their budget in spending food in relation to securing other basic needs such as housing, clothing, education, and healthcare. Expanding food USDA TFP items in stores would also be beneficial to address food insecurity, especially for low income households. Further costeffectiveness analysis on policy scenarios may be necessary to evaluate policy scenarios to address food insecurity interventions.
